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Interpreting Trial Results in Light of Conflicting Evidence:
A Bayesian Analysis of Adjuvant Chemotherapy for
Non—-Small-Cell Lung Cancer

Rebecca A. Miksad, Mithat Gonen, Thomas J. Lynch, and Thomas G. Roberts Jr
A B S T R A C T

Purpose

Whl:en successive randomized trials contradict prior evidence, clinicians may be unsure how to
evaluate them: Does accumulating evidence warrant changing practice? An increasingly popular
solution, Bayesian statistics quantitatively evaluate new results in context. This study provides a
clinically relevant example of Bayesian methods.

Methods
Three recent non-small-cell lung cancer adjuvant chemotherapy trials were evaluated in light of

prior conflicting data. Results were used from International Adjuvant Lung Trial (IALT), JBR.10, and
Adjuvant Navelbine International Trialist Association (ANITA). Prior evidence was sequentially
updated to calculate the probability of each survival benefit level (overall and by stage) and
variance. Sensitivity analysis was performed using expert opinion and uninformed estimates of
survival benefit prior probability.

Results
The probability of a 4% survival benefit increased from 33% before IALT to 64% after IALT. After

sequential updating with JBR.10 and ANITA, this probability was 82% (hazard ratio = 0.84; 95%
Cl, 0.77 t0 0.91). IALT produced the largest decrease in variance (61%) and decreased the chance
of survival decrement to 0%. Sensitivity analysis did not support a survival benefit after IALT.
However, sequential updating substantiated a 4% survival benefit and, for stage Il and Ill, more
than 90% probability of a 6% benefit and 50% probability of a 12% benefit.

Conclusion

When evaluated in context with prior data, IALT did not support a 4% survival benefit. However,
sequential updating with JBR.10 and ANITA did. A model for future assessments, this study
demonstrates the unique ability of Bayesian analysis to evaluate results that contradict
prior evidence.

J Clin Oncol 27:2245-2252. © 2009 by American Society of Clinical Oncology

tive results of the IALT were controversial.®®
Subsequently, two similarly designed adjuvant

When pivotal trial results are published, one of
the primary issues is whether the totality of accu-
mulating scientific evidence is strong enough to
support changing clinical practice. However, it is
often unclear how to sequentially evaluate results
from successive, and sometimes conflicting, trials.
For example, before publication of the Interna-
tional Adjuvant Lung Trial (IALT) in 2004, no
survival benefit had been found for adjuvant
cisplatin-based chemotherapy in non—small-cell
lung cancer (NSCLC): A 1995 meta-analysis found
no statistically significant benefit," subsequent tri-
als were not positive™ and the 2001 lung cancer
consensus panel declared adjuvant chemotherapy
unproven and experimental.** Therefore, the posi-

chemotherapy trials published positive results: the
National Cancer Institute of Canada Clinical Trials
Group (JBR.10) in 2005° and the Adjuvant Navel-
bine International Trialist Association (ANITA) in
2006'" (Table 1). However, the magnitude of the
absolute 5-year overall survival (OS) benefit varied:
4.1%, 15%, and 8.6%, respectively for IALT,
JBR.10, and ANITA. In light of this variability,
earlier negative evidence, and the preliminary
negative results for adjuvant carboplatin (2007),""
clinicians may wonder how best to evaluate the
conflicting evidence: Does adjuvant chemother-
apy produce an OS advantage for NSCLC for
each stage? And, if so, what is the magnitude of
this benefit?

© 2009 by American Society of Clinical Oncology ~ 2245
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Table 1. Trial Data Used in Bayesian Sequential Updating Analysis for Cisplatin-Based Adjuvant Chemotherapy for NSCLC

Absolute Overall Survival

Trial and Publication Year No. of Patients Hazard Ratio P Benefit at 5 Years (%) 95% Cl
Meta-analysis,” 1995 1,394 0.87 .08 5 —1t0 10
IALT,® 2004 1,867 0.86 < .03 4.1
JBR.10,° 2005 482 0.69 .04 15
ANITA,'° 2006 840 0.80 .017 8.6

NOTE. Hazard ratio and absolute overall survival benefit for trials included in analysis are shown.
Abbreviations: NSCLC, non—-small-cell lung cancer; IALT, International Adjuvant Lung Trial; ANITA, Adjuvant Navelbine International Trialist Association.

The task of integrating unexpected or conflicting results with
prior evidence is often left to the clinician. Although discussions in
published articles may qualitatively place trial findings within the
context of available evidence, the crucial question is frequently not
answered: What is the probability that the new result is correct? And
how much does the study contribute?'*!” Unfortunately, classical
methods for iterative data incorporation are limited: (1) successive
qualitative evaluations by individual clinicians may lead to heteroge-
neous conclusions, (2) appraisal by expert panels may lack transpar-
ency and timeliness, and (3) meta-analysis techniques generally
evaluate a static set of trials, do not recognize time order, cannot
incorporate diverse types of evidence, and are cumbersome to
update.'®?° For instance, systematic reviews of adjuvant chemother-
apy for NSCLC do not describe the relative contribution of each study
nor the probability that the survival benefits observed in each trial
are true.”"*

The scientific dilemma is how to sequentially evaluate and quan-
titatively integrate new trials with prior evidence to make informed
decisions. Bayesian statistics is one solution that mathematically up-
dates prior evidence with new data in a dynamic process.'®'”**2°
Bayesian methods are used in biostatistics, astrophysics, and genomics
to quantify the reliability of results, to sharpen the assessment of risk,
and to determine the amount of information contributed by a
study.”>>! These features facilitate sequential evaluation of trials.
Furthermore, Bayesian approaches explicitly and quantitatively
describe the data synthesis process, enhancing transparency, accu-
racy, and reproducibility,*!®31>-31<31d

Bayesian techniques are emerging in oncology research®
and have been used for trial design,”*>® monitoring®>*"*** and data
evaluation,”>***” pharmacokinetic evaluation,*®>® prediction of
phaseIII success,”! and models of cancer risk,”>>” recurrence,”®*° and
mortality.””*"** Clinicians frequently use Bayesian approaches during
iterative clinical assessments to update the probability of a diagnosis.
For example, a physician evaluating a 60-year-old patient with a cough
may consider lung cancer more likely if a history of hemoptysis is later
elicited. This “clinical judgment” can be formalized by calculating the
positive predictive value (PPV) of lung cancer, as is commonly done
for imaging studies.”***> The PPV calculation is derived from Bayes

Theorem, the mathematical backbone of Bayesian statistics.”*** Sim-
ilarly, Bayesian analysis can determine the PPV of a trial.

In contrast to classical statistical approaches, the results of Bayes-
ian analysis are directly interpreted as the probability that a therapy
produces a survival advantage,'® the finding most relevant to clini-
cians. Therefore, Bayesian analysis may be helpful in evaluating
whether new results should change clinical practice and the focus of
future clinical and basic science investigations.

Although cardiology trials have been appraised with Bayesian
tools,'>*® to our knowledge, this approach has not been applied to
oncologic therapeutic trials and has not been used to evaluate succes-
sively published trials. We sequentially updated prior evidence with
the results of IALT, JBR.10, and ANITA using Bayesian methods to (1)
establish the magnitude of the OS benefit, (2) determine the amount
of information contributed by each trial, and (3) explore the OS
benefit supported for each stage. Also, we conducted an expert opin-
ion survey and performed a sensitivity analysis on the prior probability
of an OS benefit.

Methodologic Approach
Bayes Theorem determines the probability (P) of an outcome (6) given
(|) new data (X)'%*:

P(0) P(X|0)

POLX) =~

Therefore, the PPV for lung cancer, P(6|X) depends on (1) the pretest
probability of lung cancer (P(6)) given the patient’s symptoms, (2) a test result
(X), and (3) the strength of the test result (P(X|0)) as determined by the
sensitivity and specificity.'®*

In the current analysis, the updated probability (P(6]X)) of a 5-year OS
benefit for adjuvant chemotherapy (6) was computed from the hazard ratio
(HR) found in IALT (X) and the pre-IALT survival benefit data P(6) (Fig 1 and
Appendix, online only). The distribution of X and 6 was obtained from the
literature, such that P(X|6) was the probability of the results of IALT given
the existence or absence of an OS benefit. As additional trials were pub-
lished, the probability of an OS benefit was updated, first with the results of
JBR.10 and then ANITA.

Bayesian
update

Bayesian

X update
Prior

probability

Probability
after IALT

Probability
after JBR.10

Bayesian
update

Fig 1. Flow diagram of method for up-
dating the probability of a survival benefit.
IALT, International Adjuvant Lung Trial;
ANITA, Adjuvant Navelbine International

ANITA Trialist Association.
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Establishing the Probability of a Survival Benefit
Before the IALT

The probability of an OS benefit for cisplatin-based adjuvant chemother-
apy for NSCLC before the publication of the IALT was established through a
systematic literature review. MEDLINE was searched from January 1965
through January 2004 using the terms “lung cancer,” “NSCLC,” and “chem-
otherapy” (adjuvant, cisplatin-based, or postoperative) and expanded by re-
viewing the references in these articles.

We identified the 1995 Non—Small Cell Lung Cancer Collaborative
Group meta-analysis as the most comprehensive published quantitative sum-
mary of the data before the initiation of TALT. This meta-analysis did not show
a statistically significant OS benefit for cisplatin-based adjuvant chemothera-
py: the HR for death at 5 years was 0.87 (P = .08) and the absolute OS benefit
was 5% (95% CI, 1% to 10%)" (Table 1).

Deriving the Prior Probability Curve

For the primary analysis (base case), uncertainty regarding the probabil-
ity of an OS benefit derived from the meta-analysis was represented by a
probability distribution curve constructed by converting the 5-year survival
probability to the exponential distribution of the logarithm of the HR. The
standard deviation (SD) was inferred from the CIL.

The null hypothesis was the same as in the IALT: no OS benefit for
adjuvant chemotherapy. Because there was uncertainty before IALT, and
equipoise should exist to ethically initiate a trial,*” the prior probability of the

null was set at 50% (half the weight of the curve lay at zero; see Appendix,
online only). The base case prior probability curve represents the probability of
each survival benefit level being true given the meta-analysis result (solid line,
Fig 2A and Table 2).

Updating Prior Knowledge With the Results of the IALT,
JBR.10, and ANITA

Using Bayes Theorem, the base case prior probability curve was updated
with the logarithm of the HR for OS found in IALT (HR = 0.86; P < .03). This
computation yielded the posterior probability of survival benefit after IALT.
As subsequent trials were published, the probability of a survival benefit after
TALT was similarly updated with JBR.10 (HR = 0.69; P = .04), and this new
result was then updated with ANITA (HR = 0.80; P = .017; see Appen-
dix, online only).

The Q statistic was calculated and assessed at the P < .05 level to evaluate
statistical heterogeneity of the trial results for survival benefit (Appendix,
online only).®® Calculations were performed in SAS version 9.1 (SAS Institute
Inc, Cary, NC) and the code is available on request.

Sensitivity Analysis

Sensitivity analysis was performed to evaluate the effect of different
approaches to the synthesis of prior evidence.***”7? The analysis was repeated
with two approaches described in the literature that capture a range of possible
prior probability curves: (1) expert opinion curve based on a survey of thoracic
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Fig 2. (A) Prior probability of a survival benefit before IALT. x-axis = 5-year survival benefit level. y-axis = cumulative probability of the survival benefit level. (B) Updated
probability of survival benefit after IALT. (C, D) Sequentially updated probability of survival benefit after IALT and JBR.10 (C), and after IALT, JBR.10, and ANITA (D).
IALT, International Adjuvant Lung Trial; ANITA, Adjuvant Navelbine International Trialist Association.
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Table 2. Probability of a Survival Benefit for Cisplatin-Based Adjuvant Chemotherapy for NSCLC Before and After Sequential Updating:
Base Case And Sensitivity Analysis

Probability of Survival Benefit (%) Updated Probability of Survival Benefit (%)

85‘Y‘:'far| Before IALT After IALT After IALT and JBR.10 After IALT, JBR.10, and ANITA
urviva
Benefit Base Case Expert Uninformed Base Case Expert Uninformed Base Case Expert Uninformed Base Case Expert Uninformed
Any benefit 48 43 35 86 85 61 89 89 88 89 89 88
Survival 1.5 6.7 15.4 0.5 0.1 0.6 0 0 0 0 0 0
decrement
= 2% benefit 44 34 33 84 78 57 88 86 85 89 88 87
= 4% benefit 33 21 30 64 52 43 75 66 73 82 77 81
= 6% benefit 18 10 28 24 16 21 34 26 42 43 85 51

NOTE. The probability of each survival benefit level before the results of IALT (base case and sensitivity analysis), the updated probability of survival benefit after
IALT, after sequentially updating with JBR.10, and after sequentially updating with ANITA is shown.
Abbreviations: NSCLC, non-small-cell lung cancer; IALT, International Adjuvant Lung Trial; ANITA, Adjuvant Navelbine International Trialist Association.

oncologists, and (2) modified uninformed curve reflecting pessimism and
uncertainty about survival benefit (Fig 2).

Expert opinion curve.*”° Thoracic oncologists attending the Interna-
tional Novel Agents in the Treatment of Lung Cancer Conference in Cam-
bridge, MA, were surveyed in September 2003. Opinions were elicited”® about
the 5-year OS benefit of cisplatin-based adjuvant chemotherapy before and
after the results of the JALT were presented at the American Society of Clinical
Oncology Annual Meeting in June 2003.”* The respondents’ ability to discrim-
inate changes in opinion over time was assessed.’>>*

A distribution curve for the probability of a survival advantage before the
presentation of IALT was constructed by converting survival estimates to HRs
(exponential distribution). The null hypothesis was no survival benefit and
equipoise was assumed (Appendix, online only).

Modified uninformed curve. A prior probability curve reflecting uncer-
tainty about the magnitude of survival benefit and pessimism about prior data
was created to accommodate negative trials reported after the meta-analysis
and potential limitations of the base case.”” This modified uninformed curve
was developed by adapting two approaches described in the literature®: (1) a
noninformative prior (horizontal line), indicating complete uncertainty, and
(2) a downweighted base case, reflecting pessimism.

The modified uninformed curve was symmetric around zero (equal
likelihood of benefit and harm). With a variance 75 times higher than the base
case, the modified uninformed curve reflected extreme uncertainty and pessi-
mism while avoiding substantial weight placed on improbable results. The
same null hypothesis was assumed.

Prior Probability Curves

With a mean of 0.15% and SD of 0.08%, the base case prior
probability curve had a higher probability of all positive survival
benefit levels than the expert opinion curve (mean = 0.10%;
SD = 0.09%). The modified uninformed curve was close to a
straight line, with a 15.4% probability of survival decrement and
about 30% probability for each positive survival benefit level less
than 7% (Fig 2A and Table 2).

Base Case Analysis

After sequentially updating with IALT, JBR.10, and ANITA, the
base case curve shifted toward a higher cumulative probability of
survival benefit (Figs 2A through 2D). The Q statistic across all three
trials (1.48; P = .85) was not statistically significant, suggesting it was
appropriate to analyze the trials in combination.

2248 © 2009 by American Society of Clinical Oncology

For the base case, the probability of any OS benefit increased
from 48% before IALT to 86% after IALT, and 89% after sequential
updating with JBR.10 and ANITA (Table 2). The probability of a
5-year 4% OS benefit increased from 33% before IALT to 64% after
IALT, and 82% after sequential updating. The probability of a survival
decrement was less than 1% after JALT.

The HR was higher after sequential updating than when
JBR.10 or ANITA were considered in isolation, but lower than for
IALT (Fig 3). Uncertainty about the HR decreased after sequential
updating and the 95% CI narrowed. IALT contributed the most in-
formation to the final HR estimate: the variance decreased by 61%
after IALT (0.0025) and an additional 28% after JBR.10 and ANITA
(0.0018; see Appendix, online only).

Sensitivity Analysis

Expert opinion survey results. 'With a response rate of 85%
(n = 17), respondents had practiced a median of 11 years (interquar-
tile range, 5 to 17; 85% North American, 15% European). Before
IALT, 16.7% estimated an OS benefit for adjuvant chemotherapy
(mean benefit = 2.9%; SD = 3%) and 11.1% offered it to patients.
After the results of the IALT were presented, 72% estimated an OS
benefit (mean benefit = 4.5%; SD = 0.51%).

Sequential updating sensitivity analysis. The probability of any
survival benefit was robust to the choice of the prior probability curve:
after each updating, the curves move closer together (Fig 2). After
sequential updating for the expert opinion (uninformed) curve, the
probability of any survival benefit increased from 43% (35%) before
TALT to 85% (61%) after IALT and 89% (88%). After IALT, the
chance of a survival decrement remained less than 1% (Table 2).

In contrast to the probability of OS benefit, the probability of
specific OS benefit levels did not consistently increase to more than
50% until the sequential updating of all three trials. For example, the
probability of a 5-year 4% absolute OS benefit increased from 21%
(uninformed curve, 30%) before IALT to 43% (uninformed curve,
52%) after IALT and to 77% (uninformed curve, 81%) after sequen-
tial updating for the expert opinion curve. Similar to the base case,
sequential updating produced a precise HR for death, and IALT de-
creased the variance the most: by 65% (uninformed curve, 83%) after
TALT (0.0028 [uninformed curve, 0.0020]) and an additional 29%

JOURNAL OF CLINICAL ONCOLOGY
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Data Source Hazard Ratio for Death (95% Cl)

HR 95% CI

Prior probability
Base case
Expert opinion

0.87
0.90

0.74 to 1.01
0.76 to 1.08

Modified uninformed

Primary data
IALT
JBR.10
ANITA

After IALT
Base case
Expert opinion
Modified uninformed

Sequential updating

after IALT, JBR.10, and ANITA
Base case
Expert opinion
Modified uninformed

Stage analysis (base case)
after IALT, JBR.10, and ANITA
Stage 1
Stage 2
Stage 3

0.78 0.29 to 2.07
0.86
0.69
0.80

0.76 to 0.98
0.52t0 0.91
0.66 to 0.96

0.86
0.88
0.86

0.78 to 0.95
0.79 to 0.97
0.76 to 0.98

Fig 3. Hazard ratio for death before and
after updating with base case (gold),
expert opinion (blue), and modified unin-
formed curves (gray).

0.84
0.85
0.83

0.77 to 0.91
0.77 t0 0.92
0.75 to 0.91

0.90
0.79
0.79

0.85 to 0.94
0.70 to 0.90
0.70 to 0.88

(uninformed curve, 38%) after sequential updating (0.0020 [unin-
formed curve, 0.0026]) for the expert opinion curve.

Stage analysis. Exploratory subgroup analysis using stage-
specific priors from meta-analysis results suggested that even after
sequential updating, the probability of any OS benefit for stage I
NSCLC never exceeded 37% and the maximal OS benefit was 2%
(Table 3). However, for stage Il and III NSCLC, there was a more than
90% probability of a 6% survival benefit and a 50% probability ofa 7%
survival benefit.

To our knowledge, this study is the first Bayesian analysis to quan-
titatively evaluate the results of sequentially published oncology

therapeutics trials in context with prior conflicting evidence. Our
analysis supports a survival benefit for cisplatin-based adjuvant
chemotherapy for resected NSCLC, consistent with other meta-
analyses.”"*>”® Uniquely, we show that although IALT contributed
the most information, it was not sufficient to establish an OS
benefit. The HR for death after sequential updating was confirmed
by sensitivity analysis and was higher than JBR.10 or ANITA in
isolation and lower than IALT in isolation. In addition, our results
suggest there is a low probability of a clinically meaningful survival
benefit for stage I NSCLC. Furthermore, exploratory analysis sug-
gests the 5-year absolute OS benefit for stage II and III may be as
high as, but is not likely to exceed, 7%.

The need for additional trials to substantiate the existence of a
survival benefit is consistent with the controversy engendered by

Table 3. Base Case (meta-analysis) Stage-Specific Probability of a Survival Benefit for Cisplatin-Based Adjuvant Chemotherapy for NSCLC Before and After
Sequential Updating: Base Case by Stage

Probability of Survival

Benefit (%) Updated Probability of Survival Benefit (%)
Before IALT After IALT After IALT and JBR.10 After IALT, JBR.10, and ANITA
5-Year Survival Benefit Stage | Stage Il Stage Il Stage | Stage |l Stage lll Stage| Stagell Stagelll Stage| Stage Il Stage lll
Any benefit 47 49 49 45 79 87 40 92 95 37 96 96
Maximum benefit with > 50% 2.0 2.0 2.0 1.0 5.5 6.3 1.0 6.6 7.0 1.0 7.0 7.1
probability
Survival decrement 1.5 1.5 1.5 1.0 1.0 1.0 1.0 <1.0 <1.0 1.0 <1.0 <1.0
= 2% benefit 42 45 45 41 75 83 38 89 94 37 96 96
= 4% benefit 30 35 36 26 61 67 25 75 82 30 90 91
= 6% benefit 13 20 22 9.0 46 53 4.0 56 64 19 79 80

is shown.

The probability of each survival benefit level before the results of IALT (base case by stage based on meta-analysis results), the updated probability of survival
benefit after IALT using stage-specific results, after sequentially updating with JBR.10 using stage-specific results, and after sequentially updating with ANITA

Abbreviations: NSCLC, non-small-cell lung cancer; IALT, International Adjuvant Lung Trial; ANITA, Adjuvant Navelbine International Trialist Association.
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the publication of the IALT. The modest OS benefit found in our
study is supported by the negative preliminary analysis of carboplatin-
based adjuvant chemotherapy for stage IB NSCLC in the Cancer and
Leukemia Group B protocol 963.”° This finding emphasizes the need
to consider the positive cisplatin-based chemotherapy trials in context
with prior negative results.

Our study illustrates that Bayesian methods provide unique and
complimentary information to other types of analyses. In contrast to
frequentist methods, which calculate a P value for the probability of
the trial result given no survival benefit, Bayesian analysis determines
the probability of a survival benefit given the trial result, the relevant
information for clinical decision making.”””® In addition, Bayesian
methods provide the probability of each survival benefit level as op-
posed to the point estimate and CI produced by frequentist analysis.
Furthermore, Bayesian approaches combine different types of evi-
dence, borrowing strength from each to comprehensively evaluate a
clinical question.”””® Finally, our Bayesian analysis quantitatively in-
tegrated data over time, mirroring the evaluation process performed
by clinicians as new data are published.

Our findings must be considered within the limitations of the
study. Although all three trials evaluated were randomized, con-
trolled trials and tested the same hypothesis, there were differences
between the trials, and summary statistics were used. Notably,
JBR.10 evaluated stages I to II, whereas IALT and ANITA assessed
stages I to III. Other differences were cisplatin dose, couplet choice,
and radiation use.”” Therefore, we evaluated this potential bias.
First, the Q statistic was not significant (ie, the null hypothesis of
homogeneity was not rejected). Second, the variance of the poste-
rior was smaller than the variance of the prior, also indicating lack
of statistical heterogeneity. Additionally, prior work suggests min-
imal information may be lost when summary statistics are based on
large studies.®® Therefore, we believe potential bias owing to dis-
similar populations is minimal. (For further discussion, see Ap-
pendix, online only).

Weacknowledge that the use of a prior probability distribution in
Bayesian analysis has been criticized as subjective.®’ Therefore, we
used three approaches to control for potential biases: (1) the base case
prior probability distribution was derived from data published before
the initiation of the IALT, (2) a sensitivity analysis was performed, and
(3) a modified uninformed curve was constructed to reflect extreme
pessimism and uncertainty. The sensitivity analysis explicitly allowed a
range of interpretations of the prior evidence to be formally expressed
and evaluated.”® In addition, the assumption of equipoise reduced the
risk that a priori knowledge unduly influenced the final result. Finally,
although the expert opinion survey was administered after IALT was
presented, the full study had not been published,® and the effect of
timing appeared minimal: responses were biased against a posi-
tive benefit.

With the initial analysis undertaken at a time of great uncer-
tainty, our results demonstrate that Bayesian analysis can highlight

sources of the controversy: when considered in context with evi-
dence available at the time of publication, the IALT did not support
a 4% survival benefit, even though it did in isolation. Therefore,
additional evidence was needed to strengthen the results. This need
for additional data suggests that the evidence against the null
hypothesis may be weaker than implied by the P value (ie, the P
value can be much smaller than the posterior probability for the
same hypothesis).”>®* Therefore, Bayesian methods increase the
quantitative rigor of trial evaluation and may decrease the number
of false results accepted by the oncology community. Potential
applications include clarifying the role of breast magnetic reso-
nance imaging®®** and adjuvant chemotherapy for stage II colon
cancer.**® Bayesian analysis may be particularly important when
new findings may change clinical practice, the comparator arm of
future trials, or the focus of basic science research. This study offers
a potential model for evaluating future studies whose results con-
tradict prior evidence.
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